Computer systems are making the process of expert finding more feasible and effective than ever before, especially in peer-to-peer distributed ebusiness environments. This paper outlines purpose-based expert modelling as an approach for finding an expert in a multi-agent portfolio management system in which autonomous agents develop expert agent models independently and do not adhere to a common representation scheme. This approach aims to develop a taxonomy of purposes that define a variety of context-dependent user modelling processes which are used by personal agents for users to find appropriate expert agents to advise users on investing strategies.
Introduction
Information needs and expertise needs prompt expert seeking [17] . Expert finding has been investigated extensively in the agent community. Most of the research concerns building profiles of experts, which users can search on demand [1] [6] [11] [16] . The effort spent on constructing and maintaining profile information of the experts is significant and expensive since they rely on often controversial information, coming from clients who may be satisfied or dissatisfied with the services of an expert because they have different preferences and criteria. Moreover, in the real world, the expert profiles might be exaggerated by the experts in order to attract more clients. We have chosen to tackle these problems. To introduce our approach, let us first look at an example scenario.
An example scenario
Suppose Bank A offers customers a 24-hour on-line portfolio management service (investment in stocks, bonds, mutual funds, etc.) where a software agent represents each customer to invest/manage his/her portfolio. In order to decide which broker agent to choose to invest/manage portfolio for his/her, the investor might want to investigate the expertise of the broker agents by asking (through their agents) other users who have had contact with some broker agents about their reputation. In this way, customers can get more adequate information about the real capabilities of the broker agents, since each broker agent may exaggerate its advertised expertise in order to attract as many clients as possible.
This example highlights an important issue related to expert finding: constructing expertise models based on the distributed information kept by variety of peers in the environment. In a distributed, autonomous agent-based environment, autonomous agents keep expert model fragments, which are private users' evaluations of the expert's performance and can be used by others only if the agents are willing to share the information. These fragments cannot be expected to adhere to the same representation scheme imposed by a centralized expert model [2] [5](the same problem arises in distributed databases, see [7] ). Even if they are willing to entrust their private models to a centralized database, the expert model fragments come from a range of sources (e.g. raw data, other agents) and are dependent on the context (for what purpose the model was created, when and who created it), so it would be very hard to ensure consistency in a centralized expert model representation based on these fragments as input. Therefore in this kind of distributed environment, the traditional centralized expert model is replaced by expert model fragments, developed by the various software agents populating the environment for particular purposes [10] , [14] , [15] . Since information about each expert is distributed throughout the system, doing full integration of the information would be too expensive, and often impossible. However, it would be possible to integrate specific data, which is relevant and useful to a specific purpose, i.e. to compute an expert model at the moment and for the specific purpose it is needed. Therefore, the task of expert modelling is shifting from the collection at one place of as many data about an expert as possible to collecting on demand whatever information is available at this moment and interpreting it for a particular purpose. Thus, the main focus of expert modelling shifts from traditional representation issues such as consistency maintenance to issues such as determining what knowledge to retrieve for a given purpose and making sense of this knowledge in context. Expert modelling in this kind of system is a "just in time" [9] process, invoked as a part of achieving a particular purpose and using information relevant to that purpose [3] . This paper describes an approach for expert finding which is based on defining a taxonomy of expert modelling purposes. This will allow retrieving expert information relevant to a particular purpose in order to assemble and integrate fragmented expert model information. The representation of each purpose is procedural and contains a description of the context (e.g. which agents are available at the moment to provide information, what kind of user models they can provide and how much time is available for computation) in which the procedure can be applied to achieve the purpose. The purposes are retrieved and executed by distributed autonomous agents to compute user models "just in time" as they are needed. Similarly to developing a full ontology of a domain, envisaging all possible purposes for user modelling in all possible contexts is an impossible task. Therefore, the effort of the designer should focus on creating a library of important, reusable purpose clichés.
The rest of this paper reports our work in developing purposes in the portfolio management expert finding domain. We begin with a brief overview of the system architecture in section 2. Then section 3 describes the nature of a purpose, the purpose hierarchies and algorithms. Our arguments for purpose reuse are outlined in section 4.
Finally, we will demonstrate several possible system architectures and conclude this paper by pointing out future research directions.
Multi-agent Portfolio Management System
This portfolio management system is built on a multi-agent architecture as shown in Fig. 1 based on the system in [13] . There are two kinds of agents: personal agents (PA) and expert agents (EA). Each investor has his/her own personal agent. The PA will collect an investor's risk-return preferences and other characteristics through questionnaires and game playing [13] . The PA also needs to hire the most suitable expert agent for its investor to manage assets on the investor's behalf.
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User Interface The expert agent can choose a sequence of portfolios over time to achieve a measure of performance that is appropriate to the risk-return preferences of an investor. Each EA has a knowledge base that stores different strategies for different risk-return user types. Each EA also has a risk-return preference, thus determining the kind of user appropriate for the EA. The EA can broadcast its advertisement, for example, "I am good for a risk-seeking person!" or "I am an expert for a risk-averse person!" An example scenario is described below. An investor wants to have a diversified portfolio but lacks time for active investment. He/she believes the on-line brokers will possess superior information and uses a PA to manage his/her assets. First the PA will collect personal information about the investor through questionnaires and game playing and decide the risk return preference of the investor. Then the PA will choose the most appropriate EA for this investor based upon his/her risk-return preference, the advertisement of the EAs and the evaluation about the EAs from other PAs who have been hired by the investors who are friends of the investor or are with similar risk-return preferences. After a period of investment, an evaluation form needs to be filled out by the investor to evaluate the performance of the EA. The result will be stored in the PA for further evaluation needs. From this example, therefore, the user/agent models, such as characteristics of an investor, risk-return preference of an investor and investor's trust in an expert agent, are created and maintained by each autonomous personal agent, i.e. there is no single user/agent model associated with the individual expert agent. Rather there are many different "snapshots" of one expert agent taken by different agents in different contexts. The user and agent models are not only physically distributed throughout the system, but also logically decentralized since there is no standard representation scheme for these models (personal agents may be developed by different providers and are heterogeneous). Agents communicate through messages using a shared ontology and protocol, but have no access to (and even if they had, they wouldn't be able to interpret) each other's individual representations. It is necessary to allow agents to request from each other and integrate decentralized model fragments stored privately by each of them and to generate a desired expertise model. In next section, the purpose-based user/agent modelling approach will address this problem.
Purpose-based User / Agent Modelling Approach
A purpose contains three kinds of information: inputs, functions and outputs. The inputs denote the type of raw data (describing context and domain variables), which is relevant to the given purpose. The functions are algorithms used to compute the desired outputs using the inputs within context-specific resource constraints. The outputs are the result of computation and can be considered to be context-specific partial user/agent models. These partial models can also form input to other purposes.
An important feature of purposes is that they can be organized into hierarchies. The library of purposes can be viewed at many levels, for example, from very general to very specific. There are two ways to organize purposes: generalization and aggregation (similar to plans produced using hierarchical planning [4] ).
In a generalization hierarchy (e.g. as in Fig. 2 ), the specific purposes inherit information and procedures from more general purposes in the hierarchy. One specific purpose in the stock investment domain is Purpose-1, which is to select an appropriate expert agent for an investor. A higher-level purpose is to select an agent (not necessarily an expert agent) to match the needs of a person (not necessarily an investor). Two more specific purposes are to find an expert agent for a retired investor and to find an expert agent for a student investor. Purposes can also aggregate sub-purposes, resulting in aggregation hierarchies (e.g. Fig. 3 ) where some sub-purposes can be part of several super purposes. The way sub-purposes are aggregated can be defined by the functions of the super purpose. For example, Purpose-1 matches the model of the investor and the EA by consecutively integrating user/agent model fragments computed as results of 4 sub-purposes (as shown in Fig.3 ). The four sub-purposes of Purpose-1 can be called in one by one depending on resource and time availability. The algorithm in Purpose-1 can be stopped at any time and will generate the best answer so far (depending on which of the sub-purposes were executed). However, the sub-purposes of Purpose1-1 (and the other second level purposes) do not have this anytime aspect, since they require fully completing each sub-purpose.
Purpose-1 To select an expert agent for an investor
Consider one of the sub-purposes of Purpose1-2, Purpose1-2c: to calculate the rating R 2 of each expert agent. This purpose calculates the rating of each expert agent based on what proportion of a given group of personal agents uses the expert agent. Let's denote with β E ∈ [0,1] the evidence of usage. For example, if EA 1 (Expert Agent 1) is used by 75% of the personal agents, then β 1 is 0.75. Therefore, the rating R 2 for each expert agent so far can be derived using the rating computed by Purpose1-1 (which computes the rating of each expert agent based on the difference between the advertisement of the expert agent and user type of the investor), i.e. R 1 E and the new evidence β E . The simple reinforcement learning formula is: 
Purpose Re-use
Purposes defined in this way form a repository of clichés, which can be reused to expand the range of purposes for the application or for different applications. There are several ways to reuse the purposes:
• Generalization: A purpose can be generalized into a higher-level purpose, which can be used in different domains (as in Fig. 2 ).
• Specialization: A purpose can be specialized into a more specific purpose by specifying more constraints in additional sources of information that can be used in a specific context (as in Fig. 2 ).
• Modification: A purpose can be modified in order to adapt to a new domain where the available input data are of different types. For example, Purpose-1 could be adapted for the domain of peer help [8, 15] to choose a helper for a student who needs some help.
• Sharing a purpose: A sub-purpose can be shared in aggregation by several superpurposes. For example, Purpose1-2a is to pick the personal agents of investors who are of similar user type. This purpose can be re-used by three super purposes (as in Fig. 3 ). Once this purpose is created, designer effort is saved when other super purposes re-use this sub-purpose.
Purpose re-use is valuable from a software engineering point of view to save time and effort [12] . If an existing solution can be reused, this saves time that would otherwise be spent on the creation of similar or identical software components. Another motivation is flexibility in response to new requirements. Purposes can be selected by the designer and tailored to the specific needs of the application by changing some parameters, such as inputs and context information, etc. 
(1)
(1) This multi-agent system is built on JADE (Java Agent Development Framework) -a software framework aimed at developing multi-agent systems and applications. The purpose hierarchies within this system architecture are maintained by a set of specialized user/agent modelling agents associated with each purpose. These agents are organized according to the purpose hierarchies. Each user/agent modelling agent knows where to find the next such agent to continue the computation needed for the next (either according to the aggregation or to the generalization dimension) subpurpose according to the purpose hierarchy (Fig. 4) . Personal or application agents subcontract user/agent modelling tasks to these specialized user/agent modelling agents, which perform computations upon request and return the results to the requesting agent without storing any data.
In this way, the computation of user models and the storage of user data in this architecture are fully distributed. Specialized purpose agents can be reused easily.
Conclusions and Future Work
We are currently implementing a comprehensive purpose hierarchy to support expert finding in the portfolio management system. The quality of decisions made by the agents will be evaluated with simulated users. However, demonstrating that active expert modelling helps achieve better decisions, is only a "proof of solution existence", and doesn't show the advantages of the purpose based user/agent modelling approach versus centralized matching of profiles of experts and customers. The strongest argument for the purpose-based modelling approach is that it relieves the system from the need to maintain expert profiles and provides community-based evidence to the customers. Comparing with centralized user/expert modelling, this approach implies fewer constraints on the agents (with respect to shared representation scheme, reliance on a connection to a server etc.) and is more robust (no central point of failure). It also allows for better protection of privacy, since the user models as well as their private expert models are kept locally by the personal agents and can be shared according to pre-set policies by the users. We feel that the weakest point for the active approach is the practicality of developing comprehensive reusable purpose hierarchies. Our hope is that in the future, much as ontology research is leading to comprehensive shared vocabularies for many domains, a set of overlapping expert modelling purpose cliché hierarchies will be devised for many domains and will be used to carry out active expert finding by heterogeneous software agents.
